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Abstract. Computational models of wildfires are necessary for operational prediction and risk assessment. These
models require accurate spatial fuel data and remote sensing techniques have ability to provide high spatial resolution
raster data for landscapes. We modelled a series of fires to understand and quantify the impact of the spatial resolution of
fuel data on the behaviour of fire predictive model. Airborne laser scanning data was used to derive canopy height models
and percentage cover grids at spatial resolutions ranging from 2 m to 50 m for Mallee heath fire spread model. The shape,
unburnt area within the fire extent and extent of fire areas were compared over time. These model outputs were strongly
affected by the spatial resolution of input data when the length scale of the fuel data is smaller than connectivity length
scale of the fuel. At higher spatial resolutions breaks in the fuel were well resolved often resulting in a significant reduction
in the predicted size of the fire. Our findings provide information for practitioners for wildfire modelling where local
features may be important, such as operational predictions incorporating fire and fuel breaks, and risk modelling of peri-
urban edges or assessment of potential fuel reduction mitigations.
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Introduction
Accurately predicting the behaviour of wildland fires is
exceedingly difficult due to the complex set of coupled pro-
cesses that drive fire spread. These includeweather, topography,
fuel moisture and forest fuel structure (Alexander 2013). Recent
advances in computational models have shown the potential to
predict fire behaviour effectively (Gould et al. 2007; Cruz et al.
2013). These models are used to characterise fire behaviour
under specific fuel and weather conditions and examine the
potential effectiveness and ecological impacts of fuel treatment
programs and predict fire spread during a fire event. Wildfire
models are typically grouped into two categories: (1) physical
models; and (2) empirical models (Sullivan 2009a, 2009b).
Physical models are primarily developed with an aim of simu-
lating the physical and chemical processes controlling fire
propagation and other aspects of fire behaviour (Morvan 2011;
Sullivan 2017a, 2017b). Physical models give a better under-
standing of how fuel treatments modify fire behaviour. How-
ever, the necessary knowledge for accurate process level
modelling of combustion chemistry and outputs, heat release
and heat transfer are still incomplete (Hanson et al. 2000; Finney
et al. 2013). Despite the complexity of these models, the use of
spatially heterogeneous fuel distributions has been overly
simplistic. For example, Cassagne et al. (2011) considered only
fine fuels and Mell et al. (2007) treated live fuel combustion in
the same way as dead fuels only with higher moisture content.
Furthermore, apart from a few examples of the evaluation of
predicted rates of fire spread and behaviour against large-scale
experimental fire observations published to date (e.g. Mell et al.
2007; Linn et al. 2012a; Dupuy et al. 2014; Pimont et al. 2014),
the veracity of physical model results have not been rigorously
tested (Alexander and Cruz 2013). Due to the limitations in
knowledge and the dependence of the physical models on
empiricism, use of physical model operationally is still ques-
tionable (Cruz et al. 2017; Jiang et al. 2021).
Empirical models are based on data from field experiments
(Cheney et al. 1998; Gollner et al. 2015; Cruz et al. 2017). They
are fast to evaluate, making them ideal for providing rapid large-
area predictions for the path of a fire (Hilton et al. 2019). These
models predict the behaviour of a fire using a set of associations
between factors driving the fire (Sullivan 2009b). These include
weather conditions such as wind and air temperature, as well as
fuel and landscape conditions. Fuels have particular importance
as they are the only element of the landscape that can be
modified to influence the behaviour of future fires (Duff et al.
2017). As such, it is important to have detailed knowledge and
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understanding of relevant biomass characteristics, or fuel struc-
ture, as they affect fire propagation and behaviour (Bradstock
et al. 2012; Blanchi et al. 2014). The structure of fuel includes
properties such as the horizontal and vertical distribution, the
percentage of live and dead fuel and the abundance of vegetative
elements above the ground level including woody debris,
branches, barks, foliage and stems (McElhinny et al. 2005;
Ravindranath and Ostwald 2008).
Given the influence of local wind conditions and fuel
heterogeneity, it is essential to explicitly account for the effects
of fuel structure when exploring the interaction between forest
structure and fire behaviour (Pimont et al. 2011; Linn et al.
2013; Hoffman et al. 2015; Parsons et al. 2017; Ziegler et al.
2017; Atchley et al. 2021). Thus, it is important to explicitly
incorporate the effects of canopy structure to improve the
behaviour of fire (Hilton et al. 2015). However, studies that
systematically characterise the sensitivity of fire behaviour to
the spatial resolution of fuel inputs are absent owing to poorly
described fuel conditions and computational or experimental
costs. Therefore, the response of fire behaviour to fuel arrange-
ment remains poorly quantified, which limits estimates of fire
outcomes (Duff et al. 2017).
Techniques employed to estimate forest structure and bio-
mass include both direct and indirect methods of assessment.
Direct methods involve destructive sampling of vegetation and
are considered to be the most accurate form of assessment
(Brown et al. 1989; Volkova et al. 2016). Samples are collected
on site, then weighed, dried in an oven or microwaved to
constant dry-weight and re-weighed. These dry weights are then
used to estimate the volume of biomass in the plot (or given
strata) (Hawley et al. 2018). Models have been developed to
facilitate the extrapolation of this data over a wider area
(Ohsowski et al. 2016). However, achieving a suitable number
of samples can be labour and cost intensive and time-consuming
(Loudermilk et al. 2009; Elshikha et al. 2016).
In contrast to destructive sampling techniques, indirect
assessment using remote sensing can provide synoptic, spatially
comprehensive characteristics of investigated forest stands in an
efficient manner. Data captured over varying spatial, spectral
and temporal scales has been used for the purpose of forest cover
and health assessment (Coppin and Bauer 1996; Boyd and
Danson 2005; Devaney et al. 2015; Pause et al. 2016; Lausch
et al. 2017). Satellites are suitable for covering a large area for
conducting multi-temporal analysis. However, satellite imagery
is unable to measure detailed vertical measurements of forest
structure often required for use in fire simulation models
(Matese et al. 2015), although future technologies (NASA’s
Global Ecosystem Dynamics Investigation; GEDI) may be able
to progressively bridge this gap (Dubayah et al. 2017; 2020).
Airborne laser scanning (ALS) is an active remote sensing
technique that utilises the reflections from emitted laser pulses
from a known location and orientation to determine the 3D
properties of the environment (Koma et al. 2021). Studies have
shown that ALS can provide estimates of 3D forest canopy
structure (Lim et al. 2003; Korhonen et al. 2011; Hancock et al.
2017). ALS-derived canopy height models have been used to
describe canopy height distribution (Hopkinson et al. 2004,
2006; Rosette et al. 2008; Nie et al. 2018) to identify individual
tree heights (Brandtberg 1999; Hyyppä and Inkinen 1999; Yao
et al. 2013), and to estimate biomass (Cao et al. 2014) and leaf
area index (LAI) (Luo et al. 2015). However, the reliability of
estimates can be degraded in lower forest strata particularly in
areas of high canopy cover due to occlusion (Chasmer et al.
2006; Vega et al. 2014; Fieber et al. 2015; Jarron et al. 2020).
Furthermore, the resolution of the data has also been shown to
play a role in the reliability of estimates from all canopy strata
(Hayashi et al. 2014; Wilkes et al. 2015). For example, studies
by Jakubowski et al. (2013) and Leitold et al. (2015) show that
there is trade-off between LiDAR pulse density and forest
measurement accuracy.
There have been many studies exploring the potential of
LiDAR to measure fuel properties some of which are sum-
marised in Table 1. In most cases, this has involved calculating
parameters for fire behaviour models, including canopy height,
canopy base height or canopy bulk density (González-Olabarria
et al. 2012; Erdody and Moskal 2010). Due to the large amount
of evidence highlighting the ability of ALS to derive fuel related
metrics, their value in operational risk and modelling frame-
works are likely to be high (Price and Gordon 2016; Parsons
et al. 2017; Gale et al. 2021). However, the spatial resolution of
the data obtained and used in fire behaviour models from ALS
data can vary significantly (Table 1). Given the potential of ALS
data and the ability to derive fuel maps at a range of spatial
resolutions, a greater understanding of how resolution interacts
with existing fuel models is required.
This study aimed to investigate the impact of varying spatial
resolution of input fuel data on the performance of a predictive
wildfire model using real world fuel data. To our knowledge,
Table 1. Selected studies which utilise ALS to derive wildfire fuel related metrics
Reference Metrics derived Data resolution
Erdody and Moskal 2010 Canopy height, canopy base height, canopy bulk density 20m
González-Olabarria et al. 2012 Forest canopy cover, shrub cover, Lorey’s height, mean shrub height, crown biomass Landscape level (500m2)
Kane et al. 2014 Canopy gap, clump open and open 30m
Kramer et al. 2014 Canopy base height, canopy fuel, basal area 30m
Montealegre et al. 2014 Composite Burn Index (CBI) 25m
Gajardo et al. 2014 Canopy surface height, canopy base height, canopy bulk density 25m
Huesca et al. 2019 Fuel type, vertical vegetation profile 30m
Engelstad et al. 2019 crown fuel base height, live crown base height, canopy bulk density and stand age 10m
Botequim et al. 2019 Mean height, stand basal area, stand volume over bark, canopy base height 22m diameter plots
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there is limited research or guidance to select a suitable spatial
resolution of input fuel data for fire behavioural and predictive
models. This study therefore fills an essential knowledge gap by
providing information on the impact of spatial resolution input
fuel data on model outputs. We model the spread of a series of
hypothetical fires in the AustralianMallee vegetation type using
an empirical Mallee heath fire spread model (Cruz et al. 2013),
which gives the forward spread of the fire as a function of
canopy cover and height. ALS data is used to provide these
inputs at a range of spatial resolutions. In this study, we employ
’Spark’, an open framework for wildfire prediction and analysis
(Miller et al. 2015).
Method
Study area
The study area for this experiment was the Calperum Mallee
TERN Super Site located 25 km north of Renmark in South
Australia (3384404900S, 14085202200E) (Fig. 1a). This site was
chosen due to the availability of a published empirical fire spread
model for the fuel type at the site (see Fire propagation model)
and high-resolution remote sensing data (seeRemote sensing data
and pre-processing). The landscape is dominated by ancient sand
hills that run approximately east–west, with undulation from
swale to crest being up to 8 m in elevation (Meyer et al. 2015).
The vegetation in the area is dominated by multi-stem
Eucalypt tree species (Eucalyptus dumosa, Eucalyptus incras-
sata, Eucalyptus oleosa and Eucalyptus socialis) (Fig. 1b).
These trees are sparsely distributed (approximately 3 m apart)
and grow between 3.5 and 7 m (Meyer et al. 2015). The site
contains a sparse mid-storey consists of Eremophila, Hakea,
Olearia, Senna andMelaleuca genera and a spaced understorey
of spiny grass.
Fire propagation model
The vegetation in the area was modelled using an empirical
Mallee fire spread model developed by Cruz et al. (2013). This
model gives rate of spread of both the possible surface fire, Rs
(mmin1) and crown fire,Rc (mmin
1) as a function of the 10-m
open wind speed, U10 (km h
1) and fuel parameters. The fuel
parameters are the dead litter moisture content, MC (%), the
canopy cover, Covo (%) and the canopy height, H (m). The rate
of spread is given by:
Rs ¼ 3:337 U10  expð0:1284MCÞ  H0:7073 ð1Þ
Rc ¼ 9:5751 U10  exp 0:1795MCð Þ  Cov0=100ð Þ0:3589 ð2Þ
where the moisture content used is given by Cruz et al. (2010):
MC ¼ 4:79þ 0:173 RH  0:1 T  25ð Þ  D 0:027 RH ð3Þ
where RH is the relative humidity (%), T is the air temperature
(8C) and D is solar radiation variable.
Note Eqn 3 only holds during daytime hours (D ¼ 1 and 0
otherwise). Rather than assuming the fire is a surface or crown
fire themodel uses a probability of crowning (Pc), and combines
Eqn 1 and Eqn 2 into an overall rate of spread, S (mmin1) using
this probability:
S ¼ 1:0 Pcð Þ  Rs þ Pc  Rc ð4Þ
where















Fig. 1. (a) Location of the study area in south-east of the state of South Australia. (b) Vegetation
present in the study area (source: https://supersites.tern.org.au/supersites/clpm). (c) Plot design used
for the study area showing the location of 10 ignition points. Thewind direction at each ignition point is
shown as black arrows. The points were chosen to be 1.5 km from the centre of the area and at 368
intervals from each other.
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From Eqn 1, Rs –. N as H –. 0. To circumvent this, we
imposed the condition Rs 5 0 at H ¼ 0.
The Mallee heath model provides a 1D frontal rate of spread
but must be modified for a 2D fire simulation. This is carried out
by assuming the 2D shape is locally elliptical with a given
length-to-breadth ratio (Alexander 1985). In lieu of measured
data for this fuel type (Mallee), we have used fitted elliptical
parameters for eucalypt forest (Cruz et al. 2013):
LBR ¼ 0:1143 U10 þ 0:4143 ð6Þ
The fire spread model also requires the starting conditions of
the fire (e.g. ignition points, lines or areas of existing fire).
Typically, topography information is also required as the speed
of a fire is dependent on the slope of the terrain. This effect was
ignored for the simulations in this study as the focus was on the
effect of spatial resolution on fuel data. The parameters in these
models are based on regressions from the experimental data and
as such represent an average rate of spread.
Remote sensing data and pre-processing
The ALS data used in this study was obtained from TERN
AusCover (http://www.auscover.org.au/). Small footprint ALS
data was acquired at a flying height of 600m above ground level
over 5  5 km study site in February 2012 with the aim of
characterising the vegetation and landscape of the site. A Riegl
LMS-Q560 laser scanner was used to capture data with a
nominal pulse density of 10 pulses per m2 and with a maximum
of seven returns per pulse.
Data was collected from a fixed wing aircraft using north-
south orientated flight lines with a spacing of 125 m and a
maximum scan angle of 458 field of view. The swath overlap
between flight lineswas 50%.The scanner has a beamdivergence
of 0.5 mrad resulting in a laser footprint of 30 cm on the ground.
Discrete returns were classified into either ground or non-
ground using the python implementation of the Cloth Simula-
tion Filter (CSF) (https://github.com/jianboqi/CSF). A complete
description of the CSF algorithm and the various parameters can
be found in Zhang et al. (2016). In brief, this filter identifies
points that are most likely belonging to the ground through the
simulation of a rigid cloth draped over the point set. The filter is
parameterised using height differences, grid resolution, time
step and rigidness parameters. In this case, values of 0.02, 0.5, 2
and 3 were applied for height difference, grid resolution, time
step and rigidness, respectively.
Once the ground points were identified, linear interpolation
was used to generate a 1 m resolution Digital Elevation Model
(DEM). Subsequently, the above ground height (AGH) of all
non-ground points was calculated by subtracting the value of the
DEM elevation at each horizontal location. Points with an AGH
of greater than 1.35 m were then classified as originating from
the canopy. This height has been shown to efficiently separate
the tree crowns from the under-storey and ground vegetation
(McLane et al. 2009).
Fuel metric extraction
In order to quantify the impact of spatial resolution on the fire
spread predictions, canopy height and cover were calculated for
grids using different spatial resolutions. The cell resolution of
grids was set to 2 m, 5 m, 7 m, 10 m, 30 m and 50 m. These
resolutions were chosen based on the point density of the ALS
data and the current data resolutions used in operational settings
(Table 1).
At each resolution, canopy height was computed for each
grid cell as the 95th percentile of the AGH for each point that fell
within that cell. To calculate canopy cover, a grid-based tech-
nique following Korhonen et al. (2011) was used. First a binary
1 m resolution grid was created signifying the presence (1) or
absence (0) of any return classified as being from the canopy.
Binary opening and closing are then applied to remove any small
gaps in the data. The canopy cover at each resolution was then
calculated as the proportion of 1 m grid cells containing canopy
vegetation (or 1 in the binary grid) against the total number of
1mgrid cells in each cell (i.e. there are 25 (1m) cells within each
5m grid cell for example). As each cell of the 2m resolution grid
only contains four (1 m) grids cells, a 0.5 m resolution binary
grid was used in place of the 1 m resolution grid to allow for a
more continuous canopy cover estimate.
Fire spread modelling environment and parameterisation
The area where the fire could be modelled was limited by the
extent of the airborne ALS capture (5  5 km). To remove any
bias in the fuel distribution pattern (e.g., horizontal striations),
10 ignition points were distributed evenly (at 36-degree
intervals) around the edges of a 1.5 km radius circle centred
within the data capture (Fig. 1c). At each ignition point, the wind
direction was set such that the fire would pass through the centre
of the study area. This allowed for a model duration of 1 h to
sufficiently represent a medium-sized fire and to ensure each
simulated fire extent (at each ignition point and data resolution)
remained within the footprint of the ALS data. Furthermore, this
also served to remove any directional bias in the results as the
firesmoved in different directions for each of the 10 simulations.
To determine the effect of varying the resolution of fuel
properties, the weather conditions and topography information
were held constant in each simulation. The Mallee model was
developed to suit a range of weather conditions (wind speed, 3.6–
31.5 km h1; temperature, 15–398 C’; relative humidity, 7–80%)
(Cruz et al. 2010). In this study, we chose to simulate moderate
conditions within these ranges, wind speed was set to 30 km h1,
temperature to 258C and relative humidity was set to 20%.
A separate Spark simulation was completed for each fuel
resolution at each ignition point. The raster resolution of the
model simulations was set to 1 m  1 m. All input raster layers
were re-sampled to this resolution and all output layerswritten at
this resolution. Once the simulated fire reaches the cell’s
centroid the cell is considered ignited (and burnt by the end of
the simulation) and the current time is recorded as the arrival
time of fire. After the simulation has been completed, an arrival
time raster and a shapefile of arrival time isochrones is generated
as output.
Model output and statistics used
For this study, all simulations were summarised by the total area
burnt by fire and the ratio between the unburnt area within the
fire perimeter and the total area of the fire perimeter. Area burnt
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is a commonly used metric when fire behaviour and effects are
being examined. It has been used in addressing many ecological
and Earth science challenges, including characterising wildfires
and evaluating their impacts (Golding and Betts 2008; Luo and
Weng 2011; Johnston et al. 2012; Kloster et al. 2012). However,
area alone often ignores the existence of unburnt area within a
fire perimeter (depending on the level of detail in the observa-
tional data); discriminating between burnt/unburnt area is an
important component of the burn mosaic (Kolden et al. 2012,
2015; Krawchuk et al. 2016). The fire perimeter was defined by
an alpha shape (alpha ¼ 1.5) created around the centre point of
all burnt cells. The area burnt was estimated as the summed area
of the grid cells burnt at the end of the simulation.
To compare simulations obtained from the different spatial
resolution input fuel data, a reference fire was also simulated on
a constant landscape with fixed canopy cover and height input
variables. The reference fire is an artificial benchmark in
homogeneous fuel conditions to allow comparison between
the fires. The constant cover and height for the uniform/
continuous landscape were taken as the mean cover and height
of the of 5m resolution grids. The final shape of each simulation
was compared to the burnt area of this reference fire using the
Jaccard Similarity Index (J) (Glen 2016). Several studies have
used J to compare actual fire events with simulated fires
(Kalabokidis et al. 2013; Filippi et al. 2014) and describe
burnt/unburnt area (Gandiwa 2011). This J index simply
expresses the proportion of burnt cells common between two
fire simulations and is given by:
J ¼ ðA \ BÞ=ðA [ BÞ ð7Þ
where A is the number of grid cells burnt in landscapes using
different input data resolutions and B is the number of grid cells
burnt in the reference simulation.
Results
Canopy height and canopy cover representation
Figs 2 and 3 show the spatial distribution of canopy height and
canopy cover for the study area at the different spatial resolu-
tions. Several differences can be seen in how these fuel prop-
erties are represented at the six different resolutions. At higher
spatial resolutions (2 m and 5 m), features such as roads and
evidence of past fires are very apparent in both the height and
cover grids (Figs 2d, e, 3d, e). Such features become less
prominent at the 7 and 10 m spatial resolutions (Figs 2f, k, 3f, k);
nevertheless, at these resolutions key landscape features rele-
vant to fire behaviour (such as roads and evidence of past fires)
remain distinguishable. At both 30 and 50 m resolutions, some
of these features can still be made out but no longer have well
defined edges resulting in smooth transitions between areas of
low and high canopy height and cover (Figs 2l, m, 3l, m).
The violin plots (Figs 4, 5) show the distribution of the
canopy height and cover on a vertical axis allowing for easy
comparison between the canopy height and cover distribution
for different resolutions. The distribution of canopy heights
(Fig. 4) indicates that canopy height increases from a mean of
2.37 m for the 2 m spatial resolution grid to 4.45 m for the 50 m
spatial resolution grid. This increase in mean height is driven by
a lower number of cells recording no vegetation and thus a
canopy height of 0 m (seen as a peak at 0 m in the violin plots at
2 m, 5 m, 7 m and to a lesser extent 10 m in Fig. 4). The standard
deviation of heights ranges from 2.24 m for the 2 m spatial
resolution grid to 1.68 m for the 50 m spatial resolution grid.
A similar trend to that observed from canopy height is seen
for canopy cover where there are several cells containing no
canopy points at high resolutions resulting in a cover of 0%, or
cells completely covered resulting in 100% cover (Fig. 5). These
features are not present at lower spatial resolutions. As spatial
resolution decreases from 7 m, a narrowing of the distribution
can be observedmost notable at 30m and 50m.Variations in the
mean cover between resolutions can also be observed in Fig 5.
While the mean cover is lowest at 2 m resolution (44%), a trend
showing a reduction in cover with decreasing resolution is
observed between the other resolutions from 62% (5 m) to
55% (50 m).
Fig. 6 shows semi-variogram for both canopy height and
cover using 2m spatial resolution input data. Both canopy height
(Fig. 6a) and cover (Fig. 6b) are spatially correlated up to 10 m.
The magnitude of spatial correlation decreases with separation
distance and no spatial correlation exists after 10m, the range of
correlation. The nugget for both canopy cover and height at 2 m
spatial resolution is zero, which shows that there is no spatial
variation at distances smaller than the sampling interval.
Modelled fire patterns and unburnt area
The model output is affected by the spatial resolution of input
data. In general, simulations running on a single resolution for
all ignition points reported similar fire patterns. This was
observed for each of the resolution, and ignition point and wind
direction combinations.
Fire spread from the model appears to be affected by how the
breaks incanopyare represented at different resolutions (Figs 7, 8).
In the 2 to 10m resolution grids, connectivity is low, slowingdown
or extinguishing the fire spread.However, at low spatial resolution
(30–50 m grids), fewer breaks and lower canopy heights are
present, which helps the fire to propagate smoothly without
interruption (Figs 7, 8). This is particularly evident with the
presence of the east–west road in the study area (Fig. 7). For the
5 m resolution simulation, this road for most of its intercepted
length prevents fire spread. This effect is greatest when wind is
perpendicular to the linear feature (for an example, see Supple-
mentary Fig. S1 available at the journal website).
From Table 2, it can be seen that J increases with decrease in
spatial resolution, indicating that simulated fires become
increasingly similar to the reference fire at low spatial resolu-
tion. The same value of J for simulation running with low spatial
resolution input data (30 m and 50 m) indicates that modelled
fire spread is independent of resolution once the cell size is 30m
or above. The area covered at these resolutions is slightly greater
than the constant landscape. This is likely due to the representa-
tion of the fuel landscape having a slightly higher canopy height
than the constant landscape at these resolutions.
Fig. 9 illustrates the ratio of unburnt area to total area in fire
perimeter for each spatial resolution (also reported in Table 2),
aggregated for all of the ignition points. This ratio shows greater
variation at 2 m and this variation decreases with decreased
spatial resolution. The mean ratio value also decreases when
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fuel inputs with decreased spatial resolution are used. Input
data with spatial resolutions of 30 m and 50 m show a complete
burn area with no unburnt area within the fire perimeter and a
ratio value of zero. In general, a decrease in spatial resolution of
input data results in simplification of internal fragmentation of
burnt area.
Modelled burnt area
Fig. 10 shows the total area burnt by fire over a period of 60 min
for each spatial resolution aggregated for all of the ignition
points and the shading shows the 95% confidence interval. It
shows that the total area burnt by fire increases with decrease in
spatial resolution (ranging from 20.75 ha at 2 m resolution grid
to 304.9 ha at 50 m resolution grid) (Table 2). This trend was
observed for all but two ignition points (#2 and #6; Supple-
mentary Figs S1, S5) where the 7 m burnt area prediction at
60 min was slightly greater (3 ha to 4 ha) than the 10 m spatial
resolution dataset. Fig. 10 also shows that the variation in burnt
area increases with time and decreases with decreases in spatial
resolution.
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Fig. 2. Canopy height maps produced from ALS data for different spatial resolution over the 5 5 km study area.
Parts (d, e, f, k, l andm) show the zoomed-in portion (white rectangle) of (a) 2m, (b) 5m, (c) 7m, (h) 10m, (i) 30mand
(j) 50 m spatial resolution canopy heights, respectively.
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Discussion
In this study, we used an empirical fire spread model to investi-
gate the effect of spatial resolution of fuel data on the behaviour of
fire. Earlier, fuels were characterised as homogeneous or using
spatially averaged descriptors (i.e. canopy bulk density, canopy
base height), often without considering the spatial variability
(Hoffman et al. 2016). However, rapidly evolving remote sensing
can now characterise 3D fuel structure at high resolution,
including tree-scale spatial heterogeneity (Liao et al. 2018;
Massetti et al. 2019; Narine et al. 2019) and 3D below-canopy
fuel density (Hudak et al. 2020). Rather than simply assuming
homogeneous landscape with fixed fuel data, high resolution
input fuel data can be used to actively inform, and possibly,
refine, fire behaviour models. Several studies have demonstrated
the importance of incorporating high-resolution fuel fidelity and
heterogeneity information within wildland fuel structure (Pimont
et al. 2009; Atchley et al. 2021) to improve fire behaviour fore-
casts. Detailed high-resolution fuel maps used with a fire
behaviour model have potential to inform fuel management
planning and risk assessment frameworks for operational use.
Our results show an interaction between the spatial resolution
of the data and the characteristics of important features within
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Fig. 3. Canopy cover maps produced fromALS data for different spatial resolution over 5 5 km study area. Parts
(d, e, f, k, l and m) show the zoomed-in portion (white rectangle) of (a) 2 m, (b) 5 m, (c) 7 m, (h) 10 m, (i) 30 m and
(j) 50 m spatial resolution canopy covers, respectively.
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the landscape itself, which is consistent with the studies pub-
lished earlier (Parsons et al. 2011; Atchley et al. 2021). Within
the Mallee study area, gaps that were present in the canopy
mainly consisted of linear features such as roads and fire breaks
aswell as lower canopy density in areas recently burnt. At higher
resolutions these features were resolved in the data and affected
the fire area. For example, the calculated cover at very high
spatial resolutions (2mand5m)was 0%over the roads (Fig. 3d, e),
effectively stopping the fire. This effect can be clearly seen in
Fig. 7, a road perpendicular to the head fire direction slowed the
spread of the fire, eventually stopping the spread entirely at high
resolutions. As the angle between the road and the wind
direction becomes similar, the features effect on the fire spread
reduces (Figs S1–S8). This effect is more pronounced at 5 m,
where the fire is stopped by roads, than at 7 and 10 m where the
fire propagates over the roads, particularly where they are
narrower. Conversely, as the spatial resolution for input fuel
data decreases, the fuel properties are aggregated (Fig. 3i, j) due
to canopy features surrounding the road, resulting in a cover
estimate that allows the simulator to propagate the fire over the
feature (Figs S1–S8). Whilst these features changed the overall
burn pattern, only a minor difference in burnt area was seen
when comparing to other lower resolutions data (7–50 m)
(Fig. 10). As such, at high spatial resolutions, the extent of fire
spread can be modelled, while also indicating areas of slower
fire progression due to breaks.
Computational time is important in an operational or risk
modelling context where many simulations may have to be
performed over sets of possible states. Althoughmany of the fire
behaviour models allow a fully 3D description of the forest, they
are too computationally expensive for operational use (Atchley
et al. 2021). And because of computational cost, the domain of
application of fire models is typically limited to a particular
range of scales (Gollner et al. 2015). Simulations performed
using 30 m and 50 m spatial resolution input data produced
similar burnt areas and no unburnt area within the total burnt
area (Figs 7, 8). This suggests computational cost in running the
Mallee heath model could effectively be reduced by using 50 m
spatial resolution, with a lower overall number of computational
grid cells for the model to calculate, for fuel related input data
instead of 30 m. This gives practitioners in these areas an idea of
the trade-off between speed and accuracy. Simulations at 30 m
and 50 m may require an additional model to compensate for
fuel breaks but they should produce comparable results, with
coarser simulations taking a shorter time to compute. Similar
results may be achieved for models that use canopy height and
cover as inputs for predicting fire behaviour and make them
more suitable for operationally use.
The area burnt with reference fire (where canopy height and
cover was assumed to be constant) was found to be similar in
simulations running with different spatial resolution for all
ignition points. Additionally, the reference fire used in this
study produced a similar fire boundary to the 30 m and 50 m
resolution inputs. Whilst remote sensing data is often used to
produce fuelmaps at these resolutions (Table 1), minimal gain is
found in using spatially varying data over this landscape and
when simulating fire using this model.
The low spatial resolution input datamissed fine breaks in the
landscape and as mentioned earlier, allows the fire to propagate.
However, as soon as there is no connectivity between the fuel the
spread of the fire cannot be sustained and slows down or stops,
creating unburnt area. This characteristic is evident in simu-
lations using high spatial resolution input data (Figs 7, 8).
Although we are primarily concerned with physical fuel breaks
as a mechanism to stop fire spread, intense fires in this fuel type
may generate firebrands with the resulting potential for the fire
to jump these breaks. However, there is scarce information in the
literature on spot fire creation in this fuel type and the rate-of-
spread models do not explicitly take this into account. If a
spotting model was included in the simulation, the areas burnt at
higher resolution may be larger as firebrands could jump gaps,
although it is impossible to apply this in the current study as no
spot fire models exists for this fuel type.
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Fig. 4. Distribution of height values from the canopy height models
produced at six different spatial resolutions. The white dot and dark grey
box inside each plot represent the mean canopy height and the inter-quartile
range (25th–75th percentile), respectively.
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Fig. 5. Distribution of canopy cover for six different spatial resolution
data. The white dot and dark grey box inside each plot represent the mean
canopy cover and the inter-quartile range (25th–75th percentile),
respectively.
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It is also important to consider the highest resolution achiev-
able from the data source being considered. In this study, the
accuracy of the estimated cover and height is potentially
degraded at 2 m resolution due to the inconsistent sampling of
the ALS data across the study area. This is also likely to play a
































Fig. 6. Semi-variogram of (a) canopy height and (b) cover using 2 m spatial resolutions data.
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Fig. 7. Fire simulated for first ignition point using different spatial
resolution canopy cover and height (from 2 m (first plot) to 50 m (last
plot)) for 1 h. Black curve in each plot shows the fire simulated for a constant
landscape. White area within black ellipse is completely burnt. Light grey
curve in each plot shows isochrones at 6 min intervals (10 in total for each
plot). North arrow shows the actual north direction.
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Fig. 8. Fire simulated for ignition point 8 using different spatial input
resolution data (from 2 m (first plot) to 50 m (last plot)) for 1 h. Black curve
in each plot shows the fire simulated for a constant landscape. Whole area
was with in black ellipse was burnt. Light grey curve in each plot shows
isochrones at 6 min intervals (10 in total for each plot). North arrow shows
the actual north direction.
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cells with no returns were considered to have 0% canopy cover
and a canopy height of 0 m. Local features and data artefacts at
this resolution act as fire breaks effectively stopping the fire.We
hypothesise that the ALS data being used at the edge of its
limitations at this resolution, that canopy cover as used in the
development of the model is not the same as the vertically
projected canopy cover at such a fine scale. Further the fire
spread model developed by Cruz et al. (2013) is based on field-
scale experiments and does not consider fuel connectivity at
very small (metre) scales, which could also account for the
breakdown of the model at this very high spatial resolution.
These results have two implications for simulating fires in a
forest with heterogeneous fuels using empirical modelling: (1)
there can be significant differences associated with representing
the canopy fuel as a homogeneous layer for ecosystems that
naturally include gaps; and (2) The spatial resolution at which
fuel metrics for models are developed also influenced modelled
fire behaviour. In this context there are indicative bounds
showing that spatial resolutions below 5 m cause the fire
behaviour model to breakdown, and where spatial resolutions
greater than 30 m model outputs such as fire extent and burnt
area shows similar results to the homogeneous landscape. The
sensitivity of fire behaviour models to fuel spatial resolutions
highlighted in this study suggests the need to choose an
appropriate resolution of input fuel data for increased fuel
description detail. Substantial gains in understanding fire behav-
iour could be made through a stronger incorporation of the
heterogeneity within wildland fuel structure at a higher spatial
resolution into fuels research, particularly with respect to the
underlying drivers of fire regimes in the context of vegetation
response. Such developments could increase the application and
accuracy of data-driven wildfire models (Coen and Schroeder
2013; Coen et al. 2013).
Whilst spatial resolution is the focus of this paper, it is also
important to keep in mind the method used to extract the canopy
height and cover metrics from ALS data. In this study, the 95th
percentile height of the canopy points within each grid cell was
used as the representation of canopy height. This approach
meant the mean canopy height within the study area increased
with decreasing resolution (Fig. 4). Alternative height (i.e.
maximum height or 50th percentile height) and cover metrics
(such as those based on LiDAR return distribution (Korhonen
Table 2. Summary results for all ignition points showing mean (l) and standard deviation (r) of burnt area,
Jaccard Similarity Index (J) and unburnt area ratio
Resolution (m) Burnt area (ha) Jaccard Similarity Index (J) Unburnt area ratio
m s m s m s
2 20.75 13.70 0.07 0.053 0.31 0.07
5 208.19 24.47 0.72 0.088 0.11 0.01
7 251.17 12.99 0.85 0.030 0.06 0.01
10 280.23 20.23 0.92 0.038 0.02 0.01
30 301.90 7.64 0.94 0.015 0 0








































Fig. 9. Boxplot showing the ratio between the unburnt area within the fire perimeter and the total area
within the fire perimeter for all spatial resolution data.
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et al. 2011) derived fromALS data may interact differently with
varying spatial resolution. For example, the grid-based method
for the calculation of cover used in this study, requires each cell
within the high-resolution grid to be observed by multiple
LiDAR pulses to ensure any canopy present is sampled.
Approaches such as the first cover index presented in Korhonen
et al. (2011) do not require the calculation of this high-density
grid and therefore may result in different model outputs at high
resolutions. Results are presented in the context of this case
study. We suggest future studies could test the relationship
between spatial resolution of fuel metrics and fire behaviour
in different environment.
Conclusion
Empirical fire models are routinely used in fire management
operations to predict fire spread and risk. The operational use of
these models often chooses the spatial resolution of the under-
lying data based on availability. This study assessed the impact
of varying spatial resolution of input fuel data on the perfor-
mance of an empirical fire behaviourmodel. By linking detailed,
spatially explicit fuel maps with an empirical fire behaviour
model, we provide an insight to inform scientists and managers
about the impact of fuel data spatial resolution on area burnt and
the dynamics of fire, time of arrival of fire at any particular
location, and the extent of the unburnt area within the fire
perimeter. Coarse resolution provides connectivity between fuel
elements used in the model allowing the fire to propagate. The
behaviour of the model in terms of burnt area and speed was
similar over a threshold scale of 30 m. Below this threshold,
however, the model was strongly affected by features such as
gaps and patchy data in the fuel, leading to the predicted
perimeter being slowed or stopped. At very high resolutions the
connectivity of individual fuel elements was resolved in the
data, causing the model to break down. This was most likely
caused by the development of the empirical model being based
on experimental data averaged over a plot of a given size,
causing it to produce poor results when applied to fuel data with
a spatial resolution well below the experimental plot size. This
insight has significant potential to inform the operational use of
these models as increasingly high spatial resolution datasets are
becoming available at landscape scale.
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